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Preface
The project "Benchmarking European SME Credit Performance" was launched in 2010 by the EIF with support from the EIB-University Research Sponsorship Programme (EIBURS). The Luxembourg School of Finance was selected through a competitive process to improve "understanding of the relationship between SME credit performance on a micro level and the macroeconomic situation they are faced with".
The first paper published under this project (Working Paper 2013/17, Forecasting Distress in European SME Portfolios) presented a comprehensive survey of the literature and methodologies available, blending firm-level default predictors with aggregate variables to derive a more comprehensive default model, usable for stress testing and risk management. A particular merit of the work is the multi-country focus, covering a significant number of European countries, and devising a novel approach to collect default data.
Focusing on listed companies, again across European countries, this second paper covers ground where risk management practice and finance theory come together. Credit risk managers have long made use of the Merton model, connecting asset returns and physical probabilities of default, to model credit portfolio losses. This is made possible by assuming systematic factors driving asset returns and as a consequence default correlations under the model. The authors of this work tackle a longstanding anomaly in empirical finance by exploiting the same technique. In the process, they outline a promising framework for convergence between empirical finance and risk management when it comes to default modelling. Understanding the connection between returns of listed companies and their default behavior, two sides of the same coin under the Merton model, improves our understanding of both.
With the creation of the EIB Institute in 2012, EIBURS became an integral part of the Knowledge Programme (one of the three flagship programmes of the Institute); this programme aims at channelling support, mainly through grants or sponsorship, to higher education and research activities. For further information on the programme, please consult: institute.eib.org.
I thank the researchers for this important work and Edward Olding from EIF's Risk & Portfolio Management for his valuable input and the project supervision. I also thank Helmut Kraemer-Eis, Head of Research & Market Analysis for hosting this project. Those readers of the EIF Working Papers with a more specific interest in quantitative financial research should be particularly interested by the technical results that follow.
Federico Galizia, Head of Risk and Portfolio Management Table of contents   Introduction  1 Finance theory suggests that, if default risk is systematic and thus non-diversifiable, it should be positively correlated with expected stock returns in the cross-section of firms. However, a number of empirical studies have delivered contradictory findings regarding the sign and significance of this relation. In this paper, we aim to bridge the gap between these seemingly puzzlingly results, by using a novel approach to study the relation between default risk and stock returns in Europe.
Early studies show that small stocks have higher returns than big stocks (Banz, 1981 , the so-called size effect) and that value stocks have higher returns than growth stocks (Fama and French, 1992 , the so-called value effect). In line with theory, Chan and Chen (1991) and Fama and French (1996) suggest that size and book-to-market (BM) respectively proxy for a priced default risk factor. Validating this explanation, Vassalou and Xing (2004) and Chava and Purnanandam (2010) document a positive relation between default risk and stock returns in the US. In a recent working paper, Aretz, Florackis and Kostakis (2013) report similar findings using an international sample. On the contrary, several other studies find a negative relation between default risk and returns, the so-called "default anomaly". Examples are Dichev (1998) , Griffin and Lemmon (2002) , Campbell, Hilscher and Szilagyi (2008) , Garlappi, Shu and Yan (2008) , Avramov et al. (2009) , Da and Gao (2010) , Garlappi and Yan (2011) , and Conrad, Kapadia, and Xing (2012) in the US, and Gao, Parsons and Shen (2013) internationally.
2
Both literature strands above focus on the firm's physical probability of default (PD) as a measure of default risk. In most cases, they use either market-based PDs calculated under the Merton framework, or accounting-based PDs such as Altman's Z-score, Ohlson's O-score, and the popular measure used by Campbell, Hilscher and Szilagyi (2008) . Hence, these studies implicitly assume that physical PDs are monotonically related to risk-neutral PDs and that, as physical PDs increase, so does the exposure to aggregate default risk. However, George and Hwang (2010) argue that a firm's physical PD does not necessarily reflect its systematic default risk (SDR) exposure. In a theoretical model, they show that firms with high SDR exposures choose low leverage levels, which in turn lowers their physical PDs, therefore creating a negative relation between PDs and returns. In the same spirit, Kapadia (2011) finds that firms with high physical PDs do not co-vary with aggregate distress, suggesting that the low returns of high PD stocks are not due to exposure to aggregate distress. 2 Some of the explanations offered to explain this puzzling evidence are: (i) violations of the absolute priority rule (Garlappi, Shu and Yan, 2008; Garlappi and Yan, 2011) : higher shareholder bargaining power reduces the risk of the shareholders' residual claim, thus returns close to default; (ii) long-run risk (Avramov, Cederburg, and Hore, 2011) : firms close to default are less exposed to long-run risk because they are not expected to live long, and hence have lower returns; (iii) glory (Conrad, Kapadia, and Xing, 2012) : firms with high default risk are glory stocks that realize high returns in the future, so their current low returns are not a good estimate of their future returns; (iv) psychological reasons (Gao, Parsons and Shen, 2013) : investors are overconfident for high default risk stocks, keeping their prices high and subsequently leading to sudden corrections and low returns.
Similarly, Avramov, Cederburg and Hore (2011) show that firms with high idiosyncratic volatility (often identified as firms with high PDs) have low SDR exposures and low returns, thus suggesting a link between idiosyncratic volatility and default anomalies.
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Following George and Hwang's (2010) and Kapadia's (2010) influential work, many recent working papers use proxies of risk-neutral PDs instead of physical PDs to measure default risk, and most document a positive relation between default risk and returns. Examples are Chan-Lau (2006) , Nielsen (2013) , Ozdagli (2013) , and Friedwald, Wagner and Zechner (2013) , who use credit default swap (CDS) spreads, and Anginer and Yildizhan (2013) , who use corporate bond spreads to proxy for risk-neutral PDs. The main disadvantage of these studies is that they can only calculate risk-neutral PDs for firms that have CDS or bond information available. These firms constitute around 20% of total firms and are usually the largest ones. Particularly in the case of CDS, reliable data is available only after 2004.
In this paper, we extend the above recent literature and study the relation between default risk and stock returns using a new and more comprehensive approach. First, we follow Vassalou and Xing (2004) to compute monthly physical PDs (our findings are, however, robust to different methodologies). 4 We then use a simple and intuitive method to decompose the estimated physical PDs into systematic and idiosyncratic components. In particular, our measure of individual firm SDR exposures is calculated as the sensitivity of the physical PD to an aggregate measure of default risk. We refer to these sensitivities as the SDR betas. As a proxy for aggregate default risk, we use the CBOE Volatility Index (VIX). Following this approach, we are able to study the relation between returns and the two components of physical PD separately and detect where the default anomaly originates. Perhaps more importantly, we can also examine a much wider sample than the studies that use CDS or bond data, with significant implications. The inclusion of smaller firms in the sample allows us to reconcile the new findings on SDR exposures with the earlier results on size and book-to-market, thus contributing to the overall understanding of default effects.
Our sample includes more than 800,000 firm-months (more than 8,000 firms), from 22 countries in Europe, during the period 1990-2012. For all of these firms, we are able to compute physical PDs and perform the subsequent decomposition (to the best of our knowledge, this is also the first academic study to apply the Merton model to European data). The time horizon includes the introduction of the Euro and the European sovereign crisis and excludes the years before 1990, in which the majority of existing studies focus. Notably, we also include micro-cap stocks, which are often neglected in previous studies, but constitute the vast majority of traded firms on European exchanges.
Our approach, outlined above, also builds on other results in the literature. For instance, VIX is a 3 Other studies that document a negative relation between idiosyncratic volatility and stock returns (the IV anomaly) include Ang et al. (2006) and Barinov (2012) . Also, Lopez (2004) , in an earlier study, shows that under the asymptotic single risk factor approach (ASRF) used in Basel II, as a firm's PD increases and it approaches possible default, idiosyncratic factors begin to take on a more important role relative to the common, systematic risk factor. He suggests that the reasons why firms experience rising PDs are mainly idiosyncratic and not as closely linked to the general economic environment summarized by the single, common factor. 4 Vassalou and Xing (2004) describe the advantages of the Merton model versus other traditional PD measures, such as accounting models and bond information.
good proxy for aggregate default risk since it is positively correlated with credit spreads, as documented in the literature on CDS (Pan and Singleton, 2008) and corporate bonds (CollinDufresne, Goldstein, and Martin, 2001; Schaefer and Strebulaev, 2008) . 5 Moreover, VIX is strongly correlated with European volatility indices (correlations higher than 0.90), which are generally available only from 2000 onwards. Several studies also connect VIX with stock returns. Ang et al. (2006) calculate the sensitivity of individual returns to changes in VIX, and show that firms that perform well when VIX increases experience low average returns because they are a hedge against market downside risk. Barinov (2012) additionally shows that both firms with very negative and very positive return sensitivities to VIX changes are smaller and have higher BM ratios.
6 Similarly, we measure the riskiness of a firm using the sensitivity of its physical PD to VIX; a stock with low sensitivity will therefore be a safe haven against aggregate default risk. Our main hypothesis, which we confirm empirically, is that a stock with low sensitivity (not necessarily low PD) will have lower average returns, whereas investors will require a premium for holding stocks with high exposure to aggregate default risk.
To verify this conjecture, we first sort stocks into quintile portfolios based on their physical PDs and, in line with the literature that documents a default anomaly, we find that the difference in returns between high and low PD stocks is negative and that the returns almost monotonically decrease as the PD increases. Moreover, in accordance with George and Hwang (2010) , we find that stocks in the highest PD quintile have relatively low SDR exposures, as measured by the SDR betas. We then sort stocks into quintile portfolios based on their SDR betas instead; as expected, we find a positive and significant relationship between this measure of default risk and returns. Interestingly, there are non-monotonic patterns across the SDR beta portfolios. On average, the firms in the low and high SDR beta portfolios are smaller, have higher BM, and higher physical PDs than the firms in medium SDR beta portfolios. They also have higher loadings on the market and size factors, as well as higher leverage ratios (LRs) and lower return on assets (ROA). Friewald, Wagner and Zechner (2013) document the same patterns in portfolios sorted based on credit risk premia estimated from CDS spreads. These findings are evidence that our estimates of SDR exposures convey information that is different from that incorporated in traditional risk factors and stock characteristics. Finally, we show that the SDR betas are negatively related to the idiosyncratic component (measured by the alphas of the same exposure regressions, to which we refer as IDR alphas).
7 As in the case of physical PDs, sorting stocks into quintiles based on this idiosyncratic component delivers evidence of a negative return relation.
Our results therefore suggest that riskier stocks, as measured by the physical PDs, will tend to underperform because they have on average lower exposures to aggregate default risk. Their riskiness is mostly idiosyncratic and can be diversified away, thus providing an explanation for the default anomaly typically found in the literature. Further tests with double-sorting portfolios allow us to confirm these findings. On the contrary, it is the systematic component of default risk, measured by the SDR betas, that requires a return premium.
The remainder of the study is organized as follows. Section 2 describes the data. Section 3 studies the relation between the physical PDs and stock returns. Section 4 first describes our method to decompose the physical PDs into systematic and idiosyncratic components, and then discusses the relation between these different components and stock returns. Section 5 performs further tests and provides more evidence for our explanation of the default anomaly. Finally, Section 6 concludes.
The Data 2
Our study covers publicly listed firms from 22 countries in Europe, during the period January 1990 -December 2012. As our main data sources, we use Thomson Reuter's Datastream for market data and Thomson Reuter's Worldscope database for the firms' accounting information. To guarantee a certain level of market exchange activity, we include in our analysis only the 22 European countries that had established exchanges on or before 1980 (for a total of 34 exchanges). We exclude years 1980-1989 due to the limited number of companies with available data. We also follow previous studies in the field and exclude financial firms (ICB 8 8000 Financials) and firms with negative BM ratios. To reduce the influence of outliers and account for measurement errors, we exclude firms with a market capitalization below the 1 st percentile for all observations. This essentially leaves in our sample firms with a market capitalization above roughly one million euros. Moreover we only retain firms that have at least two years of data available, so we have enough history for the calculation of physical PDs. To avoid duplicate observations, we do the following: for firms that are traded on more than one European exchange, we keep data from the market where the firm has been traded for the longest period, this is almost always the home market, and; if a firm has issued more than one type of common shares, we use data of the share type that constitutes the majority of common equity.
An important feature of our database is the compiled information on default events. As the reason for delisting is not usually available in Datastream, we manually track the status of the delisted firms from other sources (such as Amadeus and Orbis Europe databases), as well as various public internet sources. Therefore, we are able to identify if a firm delisting is due to default (bankruptcy or liquidation) or other reasons (i.e. mergers). To illustrate this point, Table 1 reports the average number of active firms per year, as well as the number of firms that were delisted due to default each year. Nonetheless, the information on delisting returns is also not available in Datastream. Thus we follow Campbell, Hilscher and Szilagyi (2008) and use the last available full-month return, assuming that our portfolios sell stocks that are delisted (due to default) at the end of the month before delisting.
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After applying the filters described above and merging different data sources, we are able to calculate physical PDs and draw results for a final sample of 806,157 firm-months (corresponding to 8,439 firms) across the 22 European countries. Table 2 characterizes this final sample with respect to the distribution of firms across size classes and countries. Unlike most previous studies, we include nano-and micro-cap stocks, which constitute the vast majority of traded firms in European exchanges. In terms of international breakdown, the representativeness of the different countries in our sample seems to be in line with the literature (e.g. Gao, Parsons, and Shen, 2013) . Unsurprisingly, more developed markets contribute a greater share of observations to the sample, with the U.K. (32.54%), France (13.34%) and Germany (13.08%) collectively comprising more than half of it.
We also resort to various other public data sources. Regarding volatility indexes, we use the CBOE VIX, as well as the European indices VSTOXX, VFTSE and VDAX (for EUROSTOXX 50, FTSE 100 and DAX respectively). We focus on VIX in the main analysis, as it is the only index available from January 1990 onwards. The Fama-French factors SMB and HML and the market factor EMKT for Europe are obtained from Kenneth French's web page. For the risk-free rate, we use monthly observations of the 1-year T-bill, available from the Federal Reserve Board Statistics. This table presents details on the characteristics of our final sample. Panel A shows descriptive statistics for the distribution of firms and firm-months across size classes. # of firms is the available number of firms for all years for which we are able to calculate monthly values of the Merton measure. # of firm-months is the number of observations. We provide also the relative fractions of total firms and firm-months that each size class represents. Finally, the column "Total MC" shows the average total market capitalization of each size class during the years of the study. We measure market capitalization in millions of euros. Panel B presents the breakdown of firms and firm-months by country, with corresponding percentages. Start date is the date at which the information on firms of a given country starts to be available; the end date in our sample, December 2012, We follow Vassalou and Xing (2004) in calculating our main physical PD measure. As their methodology is based on the Merton model, we also refer to the estimated physical PD as the Merton measure. In order to calculate monthly PDs under this approach, we use data on current and long-term debt, as well as market capitalization for all the firms in our sample. 11 We perform all calculations for the individual monthly PDs in local currency to minimize the effect of exchange rate volatility. Annex A presents more details on the Merton measure, its calculation and overall performance. Table 3 shows descriptive statistics for the estimated Merton measure by country. Since other firm characteristics, such as size and BM ratios, have been associated with default risk in the literature, Table 3 also includes descriptive statistics for these variables (along with raw average returns). Overall, the results show that there is significant heterogeneity among European countries in terms of PDs, size, and BM. Markets such as Romania (16.69%) and Bulgaria (14.29%) have the highest average PDs, while other countries such as Switzerland (3.13%) and the Netherlands (3.42%) have very low average PDs.
Although the performance results in Annex A suggest that the Merton measure is indeed a good default predictor, we also calculate an alternative default measure for robustness purposes. In particular, we follow Campbell, Hilscher and Szilagyi (2008) in calculating a physical PD measure using a multi-period logit regression framework. We refer to this alternative PD as the CHS measure. We are able to calculate the CHS measure for 755,243 firm-months (7,980 firms). For more details on the methodology, please refer to Annex B. Figure 1 summarizes the results. In Panel A, we plot the monthly aggregate Merton and CHS measures for firms in the overall sample (defined as simple averages of the values of all firms). The two PD measures have a very high correlation of 0.92, but their magnitude is different and the CHS measure produces lower PDs than the Merton measure. The columns in the plot denote recession periods in the Euro area (as indicated by the OECD), so we can also observe that both measures vary greatly with the business cycle and increase during downturns. Panel B plots the monthly aggregate Merton measure and values of the volatility index VIX at the end of each month. It is again apparent that Merton PDs and VIX co-move closely together throughout the economic cycle. Both are higher during recessions, when economic theory suggests that the stochastic discount factor is high. This finding provides initial evidence that VIX captures aggregate default risk information.
For brevity reasons, and given the high correlation between the two PD measures, we only use the estimated Merton measure to present the results. We justify this choice in two ways. First, the CHS measure may suffer from a look-ahead bias, since we use data from the whole sample period to estimate PDs. Second, we are able to estimate the CHS measure for a smaller sample of firms compared to the Merton case. Nonetheless, our results are robust to the choice of physical PD measure. (2002), which we calculate from the Merton's model. The CHS measure is the one used in Campbell, Hilscher and Szilagyi (2008) , which we calculate from a dynamic logit model using historical defaults. VIX is available daily from the CBOE and represents a measure of expected stock market volatility. The columns denote recession periods in the Euro area, as indicated by OECD. The table presents descriptive statistics for the average Merton measure, monthly returns, size and BM ratio over the period January 1990 to December 2012. The sample spans 22 European countries. Monthly return is the time-series average of the cross-sectional average returns within each country. We measure returns in euros and express them in percent. Merton measure, size and BM are the time-series averages of the cross-sectional average Merton measures, market capitalizations and BM ratios. We express the Merton measure in percentage terms (as it is a probability) and market capitalization in millions of euros. As a first part of our analysis, we study the possible existence of a default anomaly in Europe. In particular, we explore the cross-sectional relation between stock returns and default risk by conducting portfolio sorts on the physical PDs, i.e. the Merton measure.
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Source: Authors
Each month, from January 1990 to December 2012, we use the most recent PD for each firm and sort the stocks into five portfolios. To account for possible country effects (concentration of risky stocks in certain countries and/or accounting differences), we follow an approach similar to Lewellen (1999) and Barry et al. (2002) : at the beginning of each month, we adjust the available PDs from stocks in the overall sample by the average country PD. Then we sort all stocks into portfolios based on the adjusted PDs.
12 Table 4 displays the results. In Panel A, we report both equally and value-weighted monthly raw and risk-adjusted returns (alphas) of the five portfolios. We also construct high-low portfolios, which go long the highest PD stock quintile and short the lowest PD stock quintile, and report raw returns and alphas for these portfolios (the alphas are obtained using the factor-mimicking portfolios for Europe available on Kenneth French's website). The results show that the difference in returns between high and low PD stocks is almost always negative, in line with the literature that documents a possible default anomaly (i.e. a puzzling negative relation between default risk and returns). This relation is almost monotonic, but differences are not always significant. Thus, there is some evidence that the highest PD stocks earn on average lower returns than the lowest PD stocks, though this underperformance does not demonstrate strong significance.
In Panel B of Table 4 , we report the estimated factor loadings for excess, equally and valueweighted returns on the four Fama-French-Carhart factors. We find that high PD portfolios have higher loadings on the market factor (EMKT), the size factor (SMB) and the value factor (HML). This shows the prevalence of small and value stocks in the high PD portfolios. To complement this analysis, in Panel C we report some relevant characteristics of the five portfolios. As shown, the variation in PD is quite high among the portfolios. Stocks in the lowest PD quintile have an average PD close to zero, whereas stocks in the highest PD quintile have a PD above 22%. Average size is monotonically decreasing across the portfolios and average BM is monotonically increasing, again reflecting the dominance of small and high BM firms among the high PD stocks. Specifically, stocks in the highest PD portfolio are on average around 10 times smaller than stocks in the low PD portfolio and have BM around three times higher. The high PD stocks also have high leverage ratios (LRs) and, in accordance with Chen and Zhang (2010) , low return on assets (ROA). From January 1990 to December 2012, at the beginning of each month, we sort stocks into quintile portfolios based on their adjusted physical PD in the previous month. We adjust by dividing the physical PDs by the country average for this month. We report results with the Merton measure as a measure of physical PDs. Portfolio 1 is the portfolio with the lowest physical PD and portfolio 5 is the portfolio with the highest physical PD. The portfolios are held for one month and are then rebalanced. Panel A shows the time-series monthly average of the equally and value-weighted portfolio returns and alphas. EMKT is the excess market return, SMB is the return difference between small stocks and big stocks, HML is the return difference between value stocks and growth stocks, and WML is the return difference between winning stocks and losing stocks. The column "High-Low" shows average monthly returns and alphas for portfolios going long the highest physical PD stock quintile and short the lowest physical PD stock quintile. We denominate returns in euros and express them in percentage terms. Panel B shows loadings on the four factors from regressions of the equally and value-weighted excess returns. We calculate the t-statistics in parentheses from NeweyWest (1987) standard errors. ** denotes significance at a 5% level and * at a 10% level. Panel C reports PDs, size (in millions of euros), book-to-market ratios (BM), leverage ratios (LR) and return-on-assets (ROA) for each portfolio. SDR betas and IDR alphas are also reported and will be analyzed in further detail in the following tables. Our findings in the previous section appear to be supportive of the existence of a default anomaly, since an investing strategy that buys the highest PD stocks and shorts the lowest PD stocks has, on average, negative returns. At a first glance, these results suggest that default risk is, at best, not priced into the cross-section of stock returns. However finance theory suggests that, only if default risk is systematic and thus non-diversifiable, it should be positively correlated with expected stock returns. In other words, investors demand a premium to hold stocks of firms with high exposures to aggregate default risk, not necessarily firms with high physical PDs. In fact, George and Hwang (2010) argue that a firm's physical PD does not necessarily reflect its SDR exposure. In a theoretical model, they show that firms with high exposures to aggregate default risk choose a low leverage level, which in turn lowers their physical PDs and creates a negative relation between PDs and returns. Hence, several recent studies use limited samples where CDS or bond data is available to calculate proxies of risk-neutral PDs, and most of these studies document a positive relation between default risk and returns. Therefore we now investigate empirically if the physical PDs, calculated using the Merton approach applied to a large sample of firms, are a good measure of firm exposure to aggregate default risk.
The Methodology
To calculate SDR exposures, we follow the approach of Hilscher and Wilson (2013) and Anginer and Yildizhan (2013) , by assuming that a firm's PD is exposed to a single common factor. This factor is the aggregate default risk. Therefore the firm's SDR exposure is measured as the sensitivity of its PD to this factor (we refer to this sensitivity as the SDR beta). To compute monthly SDR betas for all firms in our sample, we estimate the following regression for each firm over 24-months rolling windows:
, 13 The specification in (1) does not of itself constrain the PD to lie between zero and one. Hilscher and Wilson (2013) argue that this is not a problem, as long as most of the estimated PDs are small (so that ). Our estimated PDs satisfy this condition. 14 The sample is smaller than before because we need two years of PD history for the estimation. Essentially, we cannot calculate SDR betas for January 1990 to December 1991. (2010), we find that stocks in the highest PD quintile have high leverage but relatively low SDR exposures, as measured by the SDR betas. These stocks also have very high positive IDR alphas (see Table 4 , Panel C), thus a large fraction of their default risk is attributable to the idiosyncratic component. These findings provide initial evidence that the documented default anomaly may be explained by the use of physical PDs as the default measure. Therefore, we now turn to the analysis of the relations between stocks returns and the two components of default separately.
SDR Betas and Stock Returns: A Premium on Exposures to Aggregate Default Risk
To examine if exposures to aggregate default risk are rewarded in the cross-section of stock returns, we repeat the portfolio analysis of Section 3.2 now using the SDR betas as the sorting variable. Each month, from January 1992 to December 2012, we use the most recent SDR beta for each firm and sort the stocks into five portfolios. As before, we adjust monthly SDR betas by their monthly country average. Table 6 reports the results.
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Panel A shows that the difference in returns between high and low SDR beta stocks is now always positive for both equally and value-weighted returns and significant in the case of equallyweighted returns. A portfolio strategy buying the highest SDR beta quintile and shorting the lowest SDR beta quintile of stocks gives an equally-weighted four-factor alpha of 0.33 percent monthly (4.01 percent annually), significant at a five percent level. The positive relation between returns 15 For robustness purposes, we follow Hilscher and Wilson (2013) and use the median PD as an alternative proxy for aggregate default risk. Hilscher and Wilson (2013) find that the median PD is highly correlated with the first principal component which explains the majority of variation in PDs across ratings. However, in our large sample of very heterogeneous countries, the median PD can be a rather noisy measure. Since all our results are unchanged when we use median PD as a proxy for aggregate default risk, we only present here the results using VIX. 16 As discussed above, we only report results with the VIX SDR beta as a measure of exposure to aggregate default risk, but our results are robust if we use the median SDR beta instead.
and SDR betas is almost always monotonic. Thus, when we use an SDR measure to sort the stocks, there is evidence of a positive relation between default risk and returns, in line with theoretical models.
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In Panel B, we see that factor loadings on the market factor (EMKT) and the size factor (SMB) do not decrease monotonically along the SDR beta portfolios. Specifically, both high and low SDR beta stocks have higher loadings than medium SDR beta stocks. This indicates that small stocks are not homogeneous with respect to their SDR exposures. The factor loadings on the value factor Table 6 : Portfolios sorted on the SDR Beta
From January 1992 to December 2012, at the beginning of each month, we sort stocks into quintile portfolios based on their adjusted SDR beta in the previous month. We adjust the SDR betas by dividing them with the country average for this month. We report results with the VIX SDR beta, which we measure as the coefficient (sensitivity) from 24-months rolling regressions of the PD on VIX. Portfolio 1 is the portfolio with the lowest SDR beta and portfolio 5 is the portfolio with the highest SDR beta. The portfolios are held for one month and are then rebalanced. Panel A shows the time-series monthly average of the equally and value-weighted portfolio returns and alphas. EMKT is the excess market return, SMB is the return difference between small stocks and big stocks, HML is the return difference between value stocks and growth stocks, and WML is the return difference between winning stocks and losing stocks. The column "High-Low" shows average monthly returns and alphas for portfolios going long the highest SDR beta stock quintile and short the lowest SDR beta stock quintile. We denominate returns in euros and express them in percentage terms. Panel B shows loadings on the four factors from regressions of the equally and value-weighted excess returns. We calculate the t-statistics in parentheses from Newey-West (1987) Panel C reports some characteristics of the portfolios. First, SDR betas exhibit large cross-sectional dispersion, ranging from -0.62 to 0.89, indicating that the effect of aggregate default risk varies substantially across stocks. In accordance with Barinov (2013) , negative SDR betas indicate that these portfolios are indeed a hedge against increases in VIX, which justifies their low returns. Second, we find interesting non-monotonic patterns across the beta portfolios: (a) both high and low SDR beta stocks have higher PDs than medium SDR beta stocks; (b) they also have higher LRs and lower ROAs; (c) they are also, on average, smaller in size and have higher BM ratios (which is consistent with the results from portfolio sorts on credit risk premia estimated from CDS spreads by Friedwald, Wagner and Zechner, 2013) . Therefore the SDR beta conveys information that is different from that incorporated in other common default risk measures and stock characteristics.
Finally, we find a negative relation between SDR betas and IDR alphas, as the idiosyncratic component of the PD increases almost monotonically across the SDR beta portfolios. This is in accordance with Avramov et al. (2013) , who document a negative cross-sectional relation between exposures to systematic and firm-specific risks.
To conclude, the findings in this section show that SDR betas, measured as sensitivities of the physical PDs to a common aggregate default risk factor (here VIX) are positively related to stock returns and that high PD stocks can have quite different SDR betas among them. 
IDR Alphas and Stock Returns: A negative relation
We now sort stocks based on the IDR alphas.
19 Each month, from January 1992 to December 2012, we use the most recent IDR alpha for each firm and sort the stocks into five portfolios. As before, we adjust monthly IDR alphas by their country average for this month. Table 7 reports the results.
Panel A shows that the difference in returns between high and low IDR alpha stocks is negative for both equally and value-weighted returns, as in the case of PDs. It is also significant at a five percent level for value-weighted returns and CAPM alphas. In Panel B, we see that factor loadings on the market factor (EMKT) and the size factor (SMB) do not decrease monotonically along the IDR alpha portfolios, but they follow the same patterns as for SDR beta portfolios. Specifically, both high and low IDR alpha stocks have higher loadings than medium IDR alpha stocks. As before, the factor loadings on the value factor (HML) are not significant. Panel C reports some characteristics of the portfolios. IDR alphas exhibit large cross-sectional dispersion, ranging from -8.5594 to 22.5424. In accordance with our previous findings on SDR beta portfolios, both high and low IDR alpha stocks have higher PDs, are smaller, have higher BM and LRs, and lower ROA than medium IDR alpha stocks. As before, we document a negative relation between SDR betas and IDR alphas. Therefore, stocks that have low exposures to aggregate default risk are associated with high firm-specific risks. These results are initial evidence that the default anomaly can be explained by the non-monotonic relationship between the physical PD and its idiosyncratic component. From January 1992 to December 2012, at the beginning of each month, we sort stocks into quintile portfolios based on their adjusted IDR alpha in the previous month. We adjust the IDR alphas by dividing them with the country average for this month. We report results with the IDR alpha, which we measure as the constant from 24-months rolling regressions of the PD on VIX. Portfolio 1 is the portfolio with the lowest IDR alpha and portfolio 5 is the portfolio with the highest IDR alpha. The portfolios are held for one month and are then rebalanced. Panel A shows the time-series monthly average of the equally and value-weighted portfolio returns and alphas. EMKT is the excess market return, SMB is the return difference between small stocks and big stocks, HML is the return difference between value stocks and growth stocks, and WML is the return difference between winning stocks and losing stocks. The column "High-Low" shows average monthly returns and alphas for portfolios going long the highest IDR alpha stock quintile and short the lowest IDR alpha stock quintile. We denominate returns in euros and express them in percentage terms. Panel B shows loadings on the four factors from regressions of the equally and value-weighted excess returns. We calculate the t-statistics in parentheses from Newey-West (1987) standard errors. ** denotes significance at a 5% level and * at a 10% level. Panel C reports PDs, SDR betas, IDR alphas, sizes (in millions of euros), BM, LR and ROA ratios for each portfolio.
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High 
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This section sheds more light on the relation between default risk and stock returns. Our main focus is to understand what the main drivers of the default anomaly are, and therefore we apply a sequential two-sort procedure to investigate it. Given the results above, we sort on physical PDs while controlling for the idiosyncratic level of default risk. We use tertiles instead of quintiles to guarantee an adequate number of stocks in each portfolio. Specifically, each month, we first sort stocks into three portfolios based on their country-adjusted IDR alpha and, within each IDR alpha portfolio, we further sort stocks in three portfolios, based on the country-adjusted physical PD. For brevity, we report value-weighted returns but results remain qualitatively similar for equallyweighted returns. Table 8 reports the results. From January 1992 to December 2012, at the beginning of each month, we sort stocks into three portfolios based on their IDR alpha in the previous month. Within each portfolio, we further sort the stocks into three portfolios, based on their past month's PD. We adjust both IDR alphas and PDs by the country average for this month. The sequential two-sort procedure produces 9 portfolios in total. The portfolios are held for one month and are then rebalanced. Panel A shows the time-series monthly average of the value-weighted returns for the 9 portfolios as well as average monthly returns and alphas for portfolios going long the highest PD stock portfolio and short the lowest PD stock portfolio for all three IDR alpha tertiles. We denominate returns in euros and express them in percentage terms. We calculate t-statistics in parentheses from Newey-West (1987) Panel A shows the time-series monthly average of the value-weighted returns and alphas, as well as average monthly returns and alphas for portfolios going long the highest PD tertile and short the lowest PD tertile of stocks. Interestingly, we find that the default anomaly is significant only for stocks in the highest IDR alpha tertile, but it is absent in the other two IDR alpha tertiles. Thus, the difference in returns between high and low PD portfolios is negative and significant only when the idiosyncratic component of the PD is very high. Panel B reports various characteristics of each portfolio. Both stocks in the highest and lowest IDR alpha tertiles have higher PDs than stocks in the medium IDR alpha tertile. Still, low IDR alpha stocks have lower PD levels than stocks in the high IDR alpha portfolio. They also differ in terms of their SDR betas. While stocks in the highest IDR alpha tertile have, on average, negative SDR betas, indicating that they are a good hedge against aggregate default risk (which explains their low returns), stocks in the lowest IDR alpha tertile have high SDR betas. Another interesting finding is that, in the lowest IDR alpha tertile, as PD increases, SDR betas rise and IDR alphas fall. This shows that, for stocks with low idiosyncratic risk, the physical PD is a better proxy to exposures to aggregate default risk. Finally, size and ROA decrease and BM and LR increase monotonically as PD increases in all three IDR alpha tertiles, indicating that stocks with high PDs are, on average small, value stocks, with high leverage and low profitability.
Overall, the results above show that the negative relation between physical PD and returns is only present for stocks with very high firm-specific risk. High IDR alpha stocks have, on average, negative exposures to aggregate default risk, thus constituting a hedge against bad market conditions. Moreover, among high IDR alpha stocks, this hedging ability increases as PD increases (i.e. the SDR betas become more negative). We therefore argue that (1) the so-called "default anomaly" is only found in firms with high idiosyncratic risk and (2) it is not an "anomaly", in the sense that the negative returns on the High-Low PD portfolios are compensated by its hedging ability. On the contrary, for low IDR alpha stocks, the physical PD is a good measure of the firm's sensitivity to aggregate default risk; thus, in this case, higher PD is rewarded with higher returns.
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In this paper, we shed more light on the recent contradictory literature that studies the relation between default risk and stock returns. We first follow the Merton model to calculate monthly physical probabilities of default for individual firms. We then use a novel approach to decompose these estimated PDs into systematic and idiosyncratic components. Unlike previous studies, our methodology does not require data on bonds or CDS markets. It therefore allows us to carry the analysis for a more comprehensive sample of European firms, which notably includes micro-cap firms. This heterogeneity is important as previous work has often associated default risk to other firm characteristics such as size and book-to-market ratios.
Initially, we find evidence consistent with a possible default anomaly, i.e. stocks with high physical PDs have on average lower returns. However, a closer look shows that the physical PD is usually a poor measure of exposure to aggregate default risk. Using estimated SDR betas to sort the stocks, we document a positive and significant relation between default risk and returns. In other words, investors indeed require a premium to hold stocks that are riskier when aggregate default risk is higher. Therefore it is the idiosyncratic, not the systematic part, driving the default anomaly. We confirm this conjecture by showing that stocks sorted on firm-specific risk have on average lower returns. Investors do not require compensation to hold stocks with high firm-specific risk because these stocks are a source of portfolio risk diversification. In fact, we show that stocks with high IDR alphas also have lower (negative) SDR betas. A double-sort test, where we sort stocks based on their physical PDs after controlling for IDR alphas, finds that the negative relation between risk and returns is significant only for high IDR alpha stocks.
Our results therefore suggest that riskier stocks, as measured by the physical PDs, will tend to underperform because they have, on average, lower exposures to aggregate default risk. Their riskiness is mostly idiosyncratic and can be diversified away, thus providing an explanation for the default anomaly typically found in the literature. On the contrary, it is the systematic component of default risk, measured by the SDR betas, that requires a return premium. (2004), we allow only equity and debt in the capital structure of the firm. In Merton's model, equity can be viewed as a call option on the firm's assets with a strike price equal to the value of debt. The reason is that equity is a residual claim, i.e. equity holders lay claim to all the cash flows left over only after all the debt holders have been satisfied.
The market value of the firm's assets follow a geometric Brownian motion as below:
,
where is the market value of the firm's assets, with an instantaneous drift , and instantaneous volatility .
is a standard Wiener process.
The market value of the firm's equity is given by the Black and Scholes (1973) formula for call options:
where is the market value of firm's equity, is the book value of debt that has a maturity equal to , is the risk-free rate, and is the cumulative density function of the standard normal distribution.
First, we calculate the volatility of equity from the daily data of the past 12 months and use it as the initial value for the estimation of . Then, from (2) and (3), we compute for each trading day of the past 12 months using of that day and . 20 From the daily values of we calculate for the next iteration. We repeat this process until the values of from two consecutive observations converge. Once we obtain a converged value of , we use it to find from (2) and (3). We repeat the process at the end of every month and obtain monthly values for . We use the 1-year T-bill rate at the end of the month as the risk-free rate. Once we obtain daily values for , we compute the drift as the mean of the change in . Finally, using the normal distribution implied by Merton, we can show that the theoretical PD at time is given by the following formula:
where we refer to as the Merton measure.
A2 Evaluating the Performance of the Merton Measure
In order to evaluate the performance of the Merton measure, we employ two widely used measures, the Hosmer and Lemeshow grouping and the area under the Receiver Operating Characteristic (ROC) curve.
First, based on the Hosmer and Lemeshow method, each month we rank the estimated PDs and divide them into deciles. Out of the ten groups created (each one containing 1/10 of the firms in that month), the first group has the smallest average estimated PD and the last the largest. Next, we aggregate the number of defaulted firms in each decile for each month over the sample period and calculate the corresponding percentages of the defaulted firms in each decile. The percentage of defaulted firms in the last decile is 58.72. When we look at the last three deciles, this percentage becomes 79.87. This provides us initial evidence that the Merton measure captures important default-related information.
Second, we construct the area under the ROC curve (AUC) from the estimated PDs versus the actual status of the firms in each month for all possible cut-off probability values. Specifically, the curve plots the ratio of correctly classified defaulted firms to actual defaulted firms (sensitivity) and the ratio of wrongly classified healthy firms to actual healthy firms (1 -specificity) for all possible cut-offs. The AUC ranges from zero to one. A model with an AUC close to 0.5 is considered a random model with no discriminatory power. An AUC of 0.7 to 0.8 represents good discriminatory power, an AUC of 0.8 to 0.9 very good discriminatory power and an AUC over 0.9 is exceptional and extremely unusual. The AUC that we obtain is equal to 0.8212. This result further supports our belief that the Merton measure is indeed a good default predictor.
As a supplementary and final test, we follow Vassalou and Xing (2004) and compare the PDs of the defaulted firms (treatment group) with the PDs of a group of non-defaulted firms (control group). For each defaulted firm, we choose a healthy firm of similar size (market capitalization) and same industry (4-digit ICB code). We try to match the size of defaulted and healthy firms on the exact month or year of delisting due to default whenever possible. Figure A1 shows the average PDs of both groups up to 160 months before delisting. It is apparent that the PDs of both groups move closely together up to four years (48 months) before delisting. In the beginning of the fourth year before delisting though, the average PD of the treatment group goes up sharply, whereas the average PD of the control group does not follow this extreme behavior. Its moderate upward movement can be attributed to general worsening economic conditions in times of many defaults that move upward all PDs in the economy. The average PD at is 0.14 for healthy firms and 0.34 for defaulted firms (around 2.5 times higher). This final test provides additional support that the Merton measure captures default risk successfully. 
Source: Authors
We choose firms in the control group that have similar size (market capitalization) and the same four-digit industry code as those in the treatment group. Specifically for size, we select firms that have similar size with their defaulted counterparts immediately before they delist. We also match the month or year of delisting whenever possible. Following Campbell, Hilscher and Szilagyi (2008) , we use eight variables to calculate the CHS measure (all converted into euros). NIMTA is the ratio of net income (WC07250) to the marketadjusted version of total assets, where the latter is the sum of the market value of equity and the book value of liabilities (WC03351); TLMTA is the ratio of total liabilities to the market-adjusted version of total assets; EXRET is the monthly log excess return relative to the MSCI index of the country that is the firm's main market; 21 SIGMA is the standard deviation of the daily returns over the previous year; RSIZE is the log ratio of firm's market value to the total market value of firms in the same country and month; CASHMTA is the ratio of cash and short-term investments (WC02001) to the market-adjusted version of total assets; MB is the market-to-book ratio; and PRICE is the log price truncated at the first and third quartiles of the pooled price distribution. We truncate all other variables at the first and ninety-ninth percentile of their pooled distributions. We lag all accounting data by at least 4 months and market data by 1 month, to ensure their availability at the time of default prediction. To avoid excluding firms shortly before they default, we use data for up to 12 months if more recent data are unavailable. Table B1 presents summary statistics of these variables. A comparison of Panels B and C reveals the differences in the defaulted observations. They have lower profitability, higher leverage, lower stock excess returns, higher stock volatility, lower MB ratios and lower prices compared to the healthy observations. They are also smaller. Interestingly, they do not differ much in their cash holdings.
Concerning the applied estimation method, we assume that the marginal probability of default over the next period follows a logistic distribution and is given by:
where is an indicator that equals one if the firm defaults in period and zero otherwise, i.e. if the firm disappears from the sample for some reason other than default, such as delisting due to a merger; and is a function of firm-specific characteristics that includes a vector of predictor variables known at the end of the previous period. Finally, to capture crosscountry differences, we follow two different methods: (i) we estimate separate models for each country; (ii) we introduce country fixed effects and estimate only one model. The table reports summary statistics for all of the accounting and market variables used to calculate the CHS measure. NIMTA is the ratio of net income (WC07250) to the market-adjusted version of total assets, where the latter is the sum of the market value of equity and the book value of liabilities (WC03351); TLMTA is the ratio of total liabilities to the market-adjusted version of total assets; EXRET is the monthly log excess return relative to the MSCI index of the country that is the firm's main market; RSIZE is the log ratio of firm's market value to the total market value of firms in the same country and month; SIGMA is the standard deviation of the daily returns over the previous year; CASHMTA is the ratio of cash and short-term investments (WC02001) to the marketadjusted version of total assets; MB is the market-to-book ratio; and PRICE is the log price truncated at the first and third quartiles of the pooled price distribution. All other variables are truncated at the first and ninety-ninth percentile of their pooled distributions. The table reports results from the multi-period logit regression of the default indicator on the eight predictor variables. NIMTA is the ratio of net income (WC07250) to the market-adjusted version of total assets, where the latter is the sum of the market value of equity and the book value of liabilities (WC03351); TLMTA is the ratio of total liabilities to the market-adjusted version of total assets; EXRET is the monthly log excess return relative to the MSCI index of the country that is the firm's main market; RSIZE is the log ratio of firm's market value to the total market value of firms in the same country and month; SIGMA is the standard deviation of the daily returns over the previous year; CASHMTA is the ratio of cash and short-term investments (WC02001) to the market-adjusted version of total assets; MB is the market-to-book ratio; and PRICE is the log price truncated at the first and third quartiles of the pooled price distribution. We truncate all other variables at the first and ninety-ninth percentile of their pooled distributions. We lag all accounting data by at least 4 months and market data by 1 month. The model is estimated for January 1990 to December 2012, with yearly observations. Parameter estimates are given first followed by chi-square values in parentheses. Standard errors are cluster-robust to correct for dependence between firm-year observations of the same firm. Numbers significant at the 5% level are in bold. The European Investment Fund (EIF) is the European body specialised in small and medium sized enterprise (SME) risk financing. The EIF is part of the European Investment Bank group and has a unique combination of public and private shareholders. It is owned by the EIB (62.1%), the European Union -through the European Commission (30%) and a number (25 from 15 countries) of public and private financial institutions (7.9%).
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… the Luxembourg School of Finance
The Luxembourg School of Finance (LSF) is the Department of Finance of the Faculty of Law, Economics and Finance of the University of Luxembourg. The LSF's mission is to offer education programmes and conduct academic research in finance at the highest level. It strives to attract outstanding individuals as students and faculty, and to create an environment of excellence.
… EIF's Research & Market Analysis
Research & Market Analysis (RMA) supports EIF's strategic decision-making, product development and mandate management processes through applied research and market analyses. RMA works as internal advisor, participates in international fora and maintains liaison with many organisations and institutions.
… this Working Paper series
The EIF Working Papers are designed to make available to a wider readership selected topics and studies in relation to EIF´s business. The Working Papers are edited by EIF´s Research & Market Analysis and are typically authored or co-authored by EIF staff. The Working Papers are usually available only in English and distributed only in electronic form (pdf).
